Abstract: This study explores both return and volatility spillover effects, the co-integration relation and the correlative relationship between the metal market in London metal exchange and United States exchange rate market, and the risk premium and leverage effect in each of these two markets for the periods before and during quantitative easing (QE). Empirical results show that, as the QE is executed the risk premium in US exchange rate market will disappear; and the speed and direction of the adjustment back to equilibrium respectively becomes greater and is reversed for the cointegration relation in metal market. Regarding these two markets only the return spillover effect is affected, and the degree of negative correlative relationship becomes more obvious as the QE is executed.
INTRODUCTION
The global financial crisis ran from January 2, 2007 to December 31, 2008. This crisis was regarded as the worst since the Great Depression of the 1930s because it brought about the threat of total collapse in large financial institutions, the bailout of banks by national governments, and the downturns in stock markets around the world. Moreover, the housing market also suffered in many areas, resulting in evictions, foreclosures on residences, and prolonged unemployment. Therefore this crisis played a significant role in the failure of key businesses, the decline in consumer wealth, and a downturn in economic activity. It further led to a global recession between 2008 and 2012 and contributed to the European sovereign debt crisis. As a consequence of the financial crisis, the United States (US) has implemented a policy of quantitative easing (QE) 1 since
November 2008 to deal with the bad financial situation and stimulate an economic recovery. This policy may force the depreciation of the United States dollar (USD). Moreover, the USD is an international currency since a number of commodities, such as crude oil in the energy market; gold (Au), aluminum (Al), copper (Cu), lead (Pb), nickel (Ni), tin (Sn), and zinc (Zn) in the metal market of the London metal exchange (LME); and cocoa, corn, wheat, and soybean meal in the agricultural commodity market are valued in USD. Furthermore, internationalization is widespread in most countries all over the world thus capital may flow from one country to another country, from one market to another market, and from one asset to another asset. That is, I may predict the trend of price level for one type of commodity from that for another type of commodity if the direction of capital flow is given. These facts give rise to several questions, such as whether the depreciating USD will lead to the increasing price levels of metal raw materials and vice versa, whether a spillover effect on return and volatility exists between the metal market in LME and the US exchange rate market, whether the co-integration relation, leverage effect and volatility feedback effect subsist in these two markets and, with regard to the topics mentioned above, what is the difference between the pre-QE and QE periods? These questions can be answered by the leverage effect and risk premium in each of two markets; and the return and volatility spillover effects, and the conditioned correlation between these two markets for the pre-QE and QE periods.
Subsequently, I will review the relevant research published in the past. First, with regard to the topic of QE, most of the literature has focused on the effects of QE via examining the variation of macroeconomic variables such as the inflation, industrial production, gross domestic product and the consumer price index (see Karras 2013; Lyonnet and Werner 2012; Schenkelberg and Watzka 2013 and so on) or by inspecting the changes in financial variables such as the bank equity value, exchange rates, and interest rates (see Nakazono and Ueda 2013; Schenkelberg and Watzka 2013) . Second, in regard to the issue of the correlative relationship between two types of markets or commodities, the types of markets or commodities that are used to explore the return and volatility spillover effects can be classified into the following cases. Past literature has focused on the return and volatility spillover effects between several stock markets (see Allen, Amrama, and McAleer 2013; Lee 2013; Singh, Kumar, and Pandey 2010 and so on) ; between several exchange rate markets (see Antonakakis 2012; Kitamura 2010; McMillan and Speight 2010 and so on); between several bond markets (see Skintzi and Refenes 2006) ; between the stock market and exchange rate market (see Zhao 2010) ; between the stock market and bond market (see Dean, Faff, and Loudon 2010) ; between the money market and interest rate market (see Zaghini and Colarossi 2009 ) and between the stock market and commodity market (see Mensi, Beljid, Boubaker, and Managi 2013) .
The literature mentioned above does not touch on the issue of the correlative relationship between the US exchange rate market and the metal market. That is, they do not explore the topic of the relationship between the depreciating USD and the increasing price level of metal raw materials, and vice versa, in the years since the policy of QE has been taken up by United States. Hence, with regard to the pre-QE and QE periods, this study employs two bivariate asymmetric BEKK 2 -GARCH models which assure the property of a positive definite to estimate the conditional variance and covariance of seven pairs of data composed of the commodities in the metal market of LME and the United States dollar index (UDI), representing the US exchange rate market, as Al-UDI, Au-UDI, Cu-UDI, Ni-UDI, Pb-UDI, Sn-UDI, and Zn-UDI, and to explore both return and volatility spillover effects, the correlative relationship between these two markets, and the risk premium and leverage effect in each of these two markets, and further explore how the above financial phenomena be changed as the QE is executed. Our results show that, as the QE is executed some financial phenomena are changed significantly. For example, the return spillover effect from US exchange rates market to metal market in LME since the negative return spillover effect disappears, and 2
The BEKK type of model is named after Baba, Engle, Kraft, and Kroner (1990).
from metal market to US exchange rates market since the negative return spillover is changed into positive one; the co-integration relation in metal market since the speed of adjustment back to equilibrium becomes greater and the direction of this adjustment is reversed; the risk premium in US exchange rates market since the volatility feedback effect disappears; and the correlative relation between these two markets since the degree of negative correlative relationship becomes more obvious. As to the remainder financial phenomena, they are similar for the periods of pre-QE and QE.
The remainder of this paper is organized as follows. Section 2 describes the empirical models utilized in this study -two asymmetric type of bivariate GARCH models. Section 3 states the basic statistical features for the return series of UDI and seven metal commodities in LME. Section 4 analyzes the empirical results and further explores the issues addressed in this work. Finally, the conclusion is drawn in the last section.
ECONOMETRIC METHODOLOGY
In this study, several bivariate GARCH models are used to explore the spillover effects and other financial phenomena between the metals market in LME and US exchange rate market. These models are composed of mean equation and variance-covariance equation. If the two series are bound by some relationship in the long run then the vector autoregressive (VAR) framework needs to be modified to allow consistent estimation of the relationships between them. Thus the mean equation of these models is expressed as the form of the vector error correction model (VECM) with lag 2 3 model since VECM can take into account any cointegrating relationships between them. Moreover, the bivariate variance-covariance specification derived in the Appendix of Su (2014) 4 is utilized estimate the conditional variance and covariance of seven pairs of data, and further to explore several financial issues mentioned above. This bivariate variance-covariance specification owns the property of not only positive definite in the covariance matrix but also parsimony in the parameter estimation. Subsequently, based on the 3
Since the maximum value (in absolute value) of Schwarz's Bayesian Criterion (SBC) occurs at the lag 2 for all seven pairs of data, hence the optimal lag number should be two based on SBC. Please see section of empirical results for more details. variance-covariance specifications described above, two asymmetric types 5 of bivariate GARCH models are represented as follows.
The positive definite type of bivariate VECM(2)-BEKK-GJR-GARCH(1,1)-MX model (hereafter, B-GJR-GARCH) is utilized to explore the spillover effects between the metal commodities in LME and the United States dollar index (UDI). The VECM(2) type of return specification is used to investigate the return spillover effect between these two markets, and the risk premium and co-integration relation in each of two markets, and is represented as R t = R 1,t ,R 2,t ! " # $ % . On the contrary, the BEKK-GJR-GARCH(1,1)-MX type of variance-covariance specification model is employed to investigate the volatility spillover effect and the correlative relation between these two markets, and the leverage effect in each of two markets. This type of variance-covariance specification takes the form of one asset's variance being expressed as the form of GJR-GARCH(1,1) and involves the variance of another asset as the exogenous variable. Additionally, two time dummies ( D t BQE and D t QE ) are set on part of the parameters in order to consider the issues explored in this study for two sub-periods, pre-QE and QE.
where R j,t = (ln P j,t ! ln P j,t!1 ) " 100 a n d
for j = 1,2. R 1,t and R 2,t represent the return of the commodities in the metal market of LME and UDI in the US exchange rate 5
According to the past literature -see Fama (1965) , Mandelbrot (1963) , Su (2015) and so on -most financial asset returns series possess features of volatility such as volatility pooling and leverage effects. To capture the stylized facts of financial asset returns described above, this study utilizes two asymmetric types of GARCH model -the threshold GARCH (GJR-GARCH) model proposed by Glosten, Jagannathan, and Runkle (1993) and exponential GARCH (EGARCH) of Nelson (1991) -to explore the volatility spillover effect between the metal commodities in LME and the UDI. market, respectively. R 12,t = ln P 2,t ! ln P 1,t 
In this variance specification, the term (! j + " j D j,t#1 # ) equals ! j + " j as ! j,t"1 < 0 or equals ! j for ! j,t"1 > 0 for j =1, 2. Hence, if parameter ! j is significantly positive then a leverage effect of volatility exists owing to higher volatility being obtained by bad news than by good news, implying that parameter ! j can be used to capture the leverage effect of volatility.
Regarding the QE effect, parameters ! 12i , ! 21i ,
and ! 12 are defined as follows. The parameters in this model don't easily converge in case of using small data since 44 parameters are estimated in this model. In this case the small amount of data must be expanded to large amount of data via the bootstrap approach proposed by Efron (1979) to repeatedly resample the original small amount of data approach. 
( )
Notably, the model has two advantages over the pure GARCH specification. That is, first, even if the parameters are estimated as negative, h jj,t , j=1,2 will be positive owing to the ln(h jj,t ) being modeled. Thus there is no need to artificially impose non-negativity constrains on the model parameters such as ω j , α j and β j for j=1,2. Second, asymmetries are allowed for under the EGARCH formulation, since if the relationship between volatility and return is negative, the value of η j , j=1,2 will be negative. Hence, parameter η j can be used to capture the leverage effect of volatility.
DATA PRELIMINARY ANALYSIS
In this study, both the return and volatility spillover effects between the metals market in LME and US exchange rate market are explored. Hence, the study data covers the UDI 8 in the US exchange rate market and metal commodities on the LME, such as aluminum (Al; $/ton), gold (Au; $/ounce), copper (Cu; $/ton), nickel (Ni; $/ton), lead (Pb; $/ton), tin (Sn; $/ton), and zinc (Zn; $/ton). The first (second) word in the parentheses beside the name of the metal commodity 8 The United States dollar index (UDI) in this study was a weighted geometric mean of the dollar's value compared only with a "basket" of 6 other major currencies. The major currencies include the euro, Japanese yen, Canadian dollar, British pound, Swedish krona and Swiss franc.
denotes the corresponding expression of chemical element (the trade price per measurement unit). The daily close price data of these seven metal commodities and UDI were downloaded from Bloomberg. These seven pairs of data 9 (Al-UDI, Au-UDI, Cu-UDI, Ni-UDI, Pb-UDI, Sn-UDI, and Zn-UDI) start from January 14, 2002 and end on November 15, 2012, totaling 2,601 observations. Moreover, the 9 For each pair of data, they are retained for the same trade date, and are deleted otherwise. Taking as an example the Au-UDI pair of data: both Au and UDI are traded on January 31, 2002, thus the close prices of both data are retained at this date. Conversely, if only Au is traded on May 25, 2003 whereas UDI is not traded at this date, then the close price of Au at this date must be deleted, and vice versa.
returns are defined as the first difference in the logarithms of daily metal commodities or UDI price then multiplied by 100. Table 1 reports the basic statistical characteristics of these seven metal commodities and UDI return series for all sample period (see Panel A), the pre-QE period (see Panel B), and the QE period (see Panel C). In regard to these three periods, the average daily return is positive for most of metal commodities whereas that is negative for UDI, implying that the UDI and each of the metal commodities take the opposite Note: 1. a, b and c denote significantly at the 10%, 5% and 1% levels, respectively. 2. Kurtosis denotes the excess kurtosis. 3. J-B statistics are based on Jarque and Bera (1987) and are asymptotically chi-squared-distributed with 2 degrees of freedom. 4. Q 2 (12) statistics are asymptotically chi-squared-distributed with 12 degrees of freedom.
(g) Figure 1 : The levels of spot prices for overall period (a) Al-UDI (b) Au-UDI (c) Cu-UDI (d) Ni-UDI (e) Pb-UDI (f) Sn-UDI (g) Zn-UDI pair of data, where the shade area denotes the period of QE execution.
(g) Figure 2 : The return of spot prices for overall period (a) Al-UDI (b) Au-UDI (c) Cu-UDI (d) Ni-UDI (e) Pb-UDI (f) Sn-UDI (g) Zn-UDI pair of data, where the shade area denotes the period of QE execution. direction on price level. This phenomenon can also be observed in Figure 1 
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. Moreover, the standard deviation of all metal commodities is larger than that of UDI, inferring that the metal commodities are more volatile than UDI in price level. This phenomenon can also be found from the return scale of Figure 2 , that is the return variation of metal commodity is larger than that of UDI. As reported from the coefficient of skewness, the excess kurtosis and J-B normality test statistics, all of the return series present left-skewed and the distribution of returns has larger, thicker tails than normal distribution. Thus they aren't normally distributed. Furthermore, the Ljung-Box Q 2 (12) statistics for the squared returns are all significant at the 1% level and thus indicate that the return series exhibits linear dependence and strong ARCH effects. Hence, the preliminary analysis of the data suggests the use of a GARCH-family model to capture the fat tails and time-varying volatility found in these metal commodities and UDI returns series.
EMPIRICAL RESULTS
In this section, two bivariate asymmetric GARCH models (B-GJR-GARCH and B-EGARCH) are used to estimate the conditional variance and covariance of seven pairs of data for the periods of pre-QE and QE; further, these results are utilized to explore both return and volatility spillover effects, the co-integration relation, the correlative relationship between these two markets, and the risk premium and leverage effect in each of these two markets.
The Number of Lag for Mean and Variance Equations
Before I investigate the above issues, I first explain why I choose the lag numbers of VECM(2) and GARCH(1,1) for mean and variance equations, respectively. Table 2 reports the Akaike information criterion (AIC) and Schwarz's Bayesian Criterion (SBC) 11 values of alternative lags for seven pairs of data. From Table 2 , I can observe that, regarding seven pairs of data, the optimal lag number is one for AIC since the lag one owns the greatest value (4) of the total number of pairs of data that own the maximum value (in absolute value) of AIC among lags 1-6. 10 The shaded areas in Figures 1 and 2 denote the period of QE execution. 11 The Akaike information criterion (AIC) is a measure of the relative quality of a statistical model for a given set of data, and it can deal with the trade-off between the goodness of fit of the model and the complexity of the model. On the contrary, Schwarz's Bayesian Criterion (SBC) is based on the likelihood function. Notably, both AIC and SBC can provide a method for model selection.
Conversely, the optimal lag number is two for SBC since the lag two owns the greatest value (7) of the total number of pairs of data that own the maximum value (in absolute value) of SBC among lags 1-6. Notably, the maximum value (in absolute value) of SBC occurs at the lag 2 for all seven pairs of data, indicating that the optimal lag number should be two based on SBC. On the other hand, if the two time series are bound by some relationship in the long run then the VAR framework needs to be modified to allow consistent estimation of the relationships among the series. Hence, I select VECM (2) (vector error correction model with lag 2) model as the mean equation of this study. Moreover, Table 3 lists the loglikelihood values of alterative GARCH(p,q) models and their likelihood ratio test (LR) statistics besides GARCH(1,1) for seven metals and UDI. The LR test statistics is used to compare the fitting ability between GARCH(p,q) and GARCH(1,1) models. As shown in Table 3 , the numbers in row Sum2 are greater that those in row Sum1 for most of lags, indicating that the fitting ability of GARCH(1,1) model is superior to that of GARCH(p,q). Therefore, I choose GARCH(1,1) as the specification of variance equation in this work.
The Preliminary Analysis for Alternative Models
Since both the B-GJR-GARCH and B-EGARCH models can be used to capture the leverage effect. However, which model, the B-GJR-GARCH or B-EGARCH, is more suitable to be utilized to explore the above issues. Hence, before I explore the above issues, I perform an evaluation for these two bivariate GARCH models via the significance of model parameters. Basically, if one model such as B-EGARCH model owns the greater the total number of pairs of data that a specified parameter being significant for most of parameters as compared with the other model such as B-GJR-GARCH model then the B-EGARCH model has the better fitting ability.
Tables 4 and 5 respectively list the empirical results of B-GJR-GARCH and B-EGARCH models for seven metal-UDI pairs of data as the QE effect is considered. From Tables 4-5 
and ! 2 QE ) in the B-GJR-GARCH model own the greater the total number of pairs of data that a specified parameter being significant. For Note: 1. Bold font in each column of pairs of data denotes the maximum value (in absolute value) of AIC or SBC among lags 1-6. 2. The numbers in column AIC (resp. SBC) underneath Sum denote the total number of pairs of data that own the maximum value (in absolute value) of AIC (resp. SBC) for a specified lag. 4. The shade font in these number of column AIC (resp. SBC) underneath Sum denotes the greatest value of the total number of pairs of data among lags 1-6. Note: 1. The numbers inside the bracket underneath the log-likelihood values under a specified GARCH(p,q) model denote the likelihood ratio test (LR) that test the null hypothesis of GARCH(1,1) against the alternative hypothesis of this specified GARCH(p,q). 2. LR = 2(LRr -LRu) ~ ! 2 (m) , where LRr and LRu are , respectively, the maximum value of the log-likelihood values under the null hypothesis of the restricted model, AR(2)-GARCH(1,1), and the alternative hypothesis of the unrestricted model, AR(2)-GARCH(p,q) and m is the number of the restricted parameters in the restricted model and equal to p+q-2. For example, the likelihood ratio test for the null hypothesis of AR(2)-GARCH(1,1) model against the alternative hypothesis of AR(2)-GARCH(2,1). Restate, LR = 2(LRr -LRu) ~ ! 2 (1) . 3. The above likelihood ratio test is based on AR(2)-GARCH(p,q) model,
The bold font denotes the likelihood ratio test is rejected at the 1% level. 5. The numbers in row Sum1 denote the total number of data that AR(2)-GARCH(p, q) is superior to AR(2)-GARCH(1,1). That is these numbers are the total number of data that reject the null hypotheses of likelihood ratio test. 6. The numbers in row Sum2 denote the total number of data that AR(2)-GARCH(1, 1) is superior to AR(2)-GARCH(p,q). Note: 1. a, b and c denote significantly at the 10%, 5% and 1% levels, respectively. 2. Numbers in parentheses at the row of parameters are standard errors. 3. LL indicates the log-likelihood value. 4. The number inside the bracket that beside the parameter name denotes the total number of pairs of data that are significant at this parameter. Moreover, the parameters in shade font denote that this parameter owns the greater the total number of pairs of data that are significant at this parameter when B-GJR-GARCH and B-EGARCH models are compared each other. Note: 1. a, b and c denote significantly at the 10%, 5% and 1% levels, respectively. 2. Numbers in parentheses at the row of parameters are standard errors. 3. LL indicates the log-likelihood value. 4. The number inside the bracket that beside the parameter name denotes the total number of pairs of data that are significant at this parameter. Moreover, the parameters in shade font denote that this parameter owns the greater the total number of pairs of data that are significant at this parameter when B-GJR-GARCH and B-EGARCH models are compared each other.
example, as shown in Table 4 parameter ! 131 BQE is all significant except for pb-UDI hence the total number of pairs of data that parameter ! 131 BQE being significant is equal to 6 for the B-GJR-GARCH model. On the contrary, as shown in Table 5 parameter ! 131 BQE is significant for all 7 pairs of data hence the total number of pairs of data that parameter ! 131 BQE being significant is equal to 7 for the B-EGARCH model. Owing to the above result, parameter ! 131 BQE in the B-EGARCH model (7) owns the greater the total number of pairs of data that ! 131 BQE parameter being significant as compared with that parameter in the B-GJR-GARCH model (6). Hence, as the QE effect is considered the B-EGARCH model (15) 12 has the better fitting ability than B-GJR-GARCH (5) since 15 is greater than 5. Thus, I will select the B-EGARCH model to explore the above issues. Finally, Q 1 2 (12) test statistics are not significant for most of seven pairs of data. Conversely, Q 2 2 (12) test statistics are significant at the 10% level but the values of the statistics are significantly lower than those appearing in all panels of Table 1 . These results indicate that the serial correlation has been significantly reduced in standard residuals, confirming that the alternative B-GARCH models addressed in this study is sufficient to correct the serial correlation of these seven pairs of data returns series in the conditional variance equation.
The Exploration of Common Financial Phenomena
Since the B-EGARCH model owns the better fitting ability, thus I will use the results of . Notably, regarding the return and volatility spillover effects the significance of corresponding parameters with lag 2 significantly decreases as compared with that with lag 12 The number in the bracket beside the model denotes the total number of parameters that owns the greater the total number of pairs of data that are significant at this parameter when B-GJR-GARCH and B-EGARCH models are compared. 13 Since it is hard to investigate these issues via the empirical results of Table 5 , thus I only consider the parameters that are related to the above issues. For example, in Table 5 the parameters which superscripts are "BQE" and "QE". 14 The parameters inside the bracket beside six issues are the parameters that are relate to the corresponding issues.
1. For instance, as reported in Hence I use the parameters with lag 1 to explore the above issues. Moreover, regarding co-integrating relation I also consider the parameters with lag 1.
Subsequently, the empirical results of Table 5 is used to explore the above six types of issues for the periods of pre-QE and QE. The first category explores the return spillover effect between the metal market in LME and US exchange rate market. imply that from the metal market to US exchange rate market a negative return spillover effect significantly subsists for the pre-QE period for all pairs of data. However, as the QE is executed this negative return spillover effect has been reversed to positive.
The second category investigates the volatility spillover effect between the metal market in LME and US exchange rate market. nearly approach zero since the values of these two parameters are less than 0.01 for most of pairs of data, hinting that the volatility spillover effect from the metal market to US exchange rates market seems not to exist between these two markets during these two periods.
The third category explores the risk premium in each of these two markets. As to the volatility feedback effect, the values of parameters ! most pairs of data. These phenomena indicate that the price trend of commodities in the metal market is opposite that of the US exchange rate market. Moreover, the degree of negative correlative relationship is more obvious for the period of QE as compared with the period pre-QE. Figure 3 15 illustrates the trend of the conditional correlation 16 between the metal market and US exchange rate market estimated by B-EGARCH model for these seven pairs of data: I can observe that the values of conditional correlation coefficients are negative for most of the time and for all seven pairs of data. Moreover, the values of conditional correlation coefficients for the period of QE are obviously greater than those for the period pre-QE in absolute value for most pairs of data. Table 6 lists the conditional correlation coefficients estimated by B-GJR-GARCH and B-EGARCH models for these seven pairs of data for all sample period (see Panel A), the period pre-QE (see Panel B), and the period of QE (see Panel C). With regard to these three periods, since the results 15 The shade area in Figure 3 denotes the period of QE executed. 16 The conditional correlation in Figure 3 and Table 6 is defined as ! 12,t = h 12,t / h 11,t " h 22,t where h 12,t denotes the covariance between the first and second assets whereas h 11,t and h 22,t are respectively the variances of the first and second assets. Please see equation (3) estimated by these three models are very similar, I choose the results estimated by the B-EGARCH model to explore the correlative relationship between the metal market and US exchange rates market. The mean of conditional correlation coefficients ranges from −0.5023 (Au-UDI) to −0.2190 (Sn-UDI) for the overall period. Moreover, the mean of conditional correlation coefficients ranges from −0.5241 (Au-UDI) to −0.0987 (Pb-UDI) for the period pre-QE, whereas they are between −0.5576 (Cu-UDI) and −0.4036 (Sn-UDI) during the period of QE. Notably, the mean values of conditional correlation coefficients are negative for all seven pairs of data. Moreover, the mean values of conditional correlation coefficients for the period of QE are obviously greater than those for the period pre-QE in absolute value for most of the pairs of data. These results imply that the price trend of commodities in the metal market is opposite that of the US exchange rate market. Moreover, the degree of negative correlative relationship is more obvious for the period of QE as compared with the period pre-QE. These phenomena are consistent with those in the empirical results of parameters ! 12 BQE and ! 12 QE . To sum up, I can presume that the price of commodities in the metal market is significantly affected by the price of USD in the US exchange rate market and their price levels move in opposite directions, contributing to a negative correlation between these two markets.
From the above discussion, I obtain the following conclusion 17 . That is as the QE is executed some financial phenomena are changed significantly. These financial phenomena include the return spillover effect from US exchange rates market to metal market in 17 In the future research, I will use the commodities in the energy market to explore the issues addressed by this study again since the commodities in this market are also valued by US dollar. These results will be used to check the robustness of statistical results found in this study. LME since the negative return spillover effect disappears, and from metal market to US exchange rates market since the negative return spillover is changed into positive one; the co-integration relation in the metal market since the speed of adjustment back to equilibrium becomes greater and the direction of this adjustment is reversed; the risk premium in US exchange rates market since the volatility feedback effect disappears; and the correlative relation between these two markets since the degree of negative correlative relationship becomes more obvious. As to the remainder financial phenomena, they are similar for the periods of pre-QE and QE. For example, the volatility spillover effect between these two markets, the risk premium in the metal market, the co-integration relation in the US exchange rates market, and the leverage effect in these two markets all don't exist during these two periods.
CONCLUSION
In this study, the vector error correction model (VECM) with lag 2 is used to take into account any cointegrating relationships between two variables. As to the bivariate variance-covariance specification, two asymmetric types of bivariate GARCH models are used to estimate the conditional variance and covariance of seven pairs of data for the periods of pre-QE and QE; further, these results are utilized to explore how some financial phenomena are changed as the QE is executed. These seven pairs of data are composed of the commodities in the metal market of LME and the UDI representing the US exchange rates market. These financial phenomena include both return and volatility spillover effects, and the correlative relationship between these two markets, and the cointegration relation, the risk premium and leverage effect in each of these two markets.
The empirical findings can be summarized as follows. As the QE is executed some financial phenomena are changed significantly. For example, the return spillover effect from US exchange rates market to metal market in LME since the negative return spillover effect disappears, and from metal market to US exchange rates market since the negative return spillover is changed into positive one; the co-integration relation in metal market since the speed of adjustment back to equilibrium becomes greater and the direction of this adjustment is reversed; the risk premium in US exchange rates market since the volatility feedback effect disappears; and the correlative relation between these two markets since the degree of negative correlative relationship becomes more obvious. As to the remainder financial phenomena, they are similar for the periods of pre-QE and QE.
Based on the above findings regarding the QE policy be implemented, several important policy implications are proposed in this study, and are expressed as follows. First, as shown in the result of the return spillover effect, the investors can predict the return of US exchange rate market today from the return of metal market in LME yesterday. For example, the negative return spillover from the metal market to US exchange rate market is changed into positive one as the QE is executed, indicating that if the value of return for metal market in LME increased (resp. decreased) yesterday, then that for US exchange rate market will decrease (resp. increase) today. However, as the QE is executed the above phenomena will change. That is, if the value of return for metal market in LME increased (resp. decreased) yesterday, then that for US exchange rate market will also increased (resp. decreased) today. Second, as reported in the result of correlative relation, the investors can predict the price trend of commodities in the metal market from that in US exchange rate market and vice versa. For instance, if the USD depreciates (appreciate) then the price of metal commodities will increase (decrease). Notably, as the QE is executed the above two phenomena are more obvious. Third, as observed from the results of the volatility feedback effect, investors should invest in the US exchange rate market for pre-QE period since they can earn a higher expected return due to the greater market risk. However, as the QE is performed, the investors should terminate the investment since they can't earn the higher expected return.
